Older adults typically have difficulty identifying speech that is temporally distorted, such as reverberant, accented, time-compressed, or interrupted speech. These difficulties occur even when hearing thresholds fall within a normal range. Auditory neural processing speed, which we have previously found to predict auditory temporal processing (auditory gap detection), may interfere with the ability to recognize phonetic features as they rapidly unfold over time in spoken speech. Further, declines in perceptuomotor processing speed and executive functioning may interfere with the ability to track, access, and process information. The current investigation examined the extent to which age-related differences in timecompressed speech identification were predicted by auditory neural processing speed, perceptuomotor processing speed, and executive functioning. Groups of normal-hearing (up to 3000 Hz) younger and older adults identified 40, 50, and 60 % time-compressed sentences. Auditory neural processing speed was defined as the P1 and N1 latencies of click-induced auditory-evoked potentials. Perceptuomotor processing speed and executive functioning were measured behaviorally using the Connections Test. Compared to younger adults, older adults exhibited poorer timecompressed speech identification and slower perceptuomotor processing. Executive functioning, P1 latency, and N1 latency did not differ between age groups. Time-compressed speech identification was independently predicted by P1 latency, perceptuomotor processing speed, and executive functioning in younger and older listeners. Results of model testing suggested that declines in perceptuomotor processing speed mediated agegroup differences in time-compressed speech identification. The current investigation joins a growing body of literature suggesting that the processing of temporally distorted speech is impacted by lower-level auditory neural processing and higher-level perceptuomotor and executive processes.
INTRODUCTION
Compared to younger adults, older adults typically have more difficulty identifying speech in complex listening conditions, even when their audiometric thresholds fall within a range typically considered clinically normal for speech identification. These difficulties can manifest when the normal temporal structure of the speech signal is distorted by increasing speech rate (Gordon-Salant et al. 2014; Janse 2009; Koch and Janse 2016; Vaughan and Letowski 1997) , reverberation (Adams et al. 2010; Fujihira et al. 2017; Gordon-Salant and Fitzgibbons 1993; Halling and Humes 2000; Neuman et al. 2010) , and accentedness (Adank and Janse 2010; Gordon-Salant et al. 2010a , b, 2015 , or when speech information is masked by competing noise (Dubno et al. 1984; Gelfand et al. 1986; Gordon-Salant and Fitzgibbons 1993; Humes 1996) . The increased difficulties older adults have in processing distorted speech are thought to result in part from age-related declines in temporal processing (e.g., Anderson et al. 2011; Füllgrabe et al. 2015; Pichora-Fuller and Singh 2006) .
In support of this hypothesis, older adults typically make more errors identifying time-compressed speech, compared to younger adults, even when presented in clear listening conditions (comfortable listening level, no noise) Fitzgibbons 1993, 2001 ). Time-compressed speech is created by taking normal speech utterances and removing periodic information across the length of the speech signal. As a result, the spectral characteristics of the original signal are largely preserved, but the phonetic information is presented across a shorter temporal interval. Time compression modulates the temporal speech envelope (e.g., Ahissar and Ahissar 2005; Nourski et al. 2009 ) and artificially increases the speech rate of a spoken stimulus while avoiding the articulatory distortions associated with speaking at faster rates (i.e., increased coarticulation and slurring of phonetic features) (Gordon-Salant et al. 2014; Janse 2009 ). Yet the ability to accurately identify speech spoken at faster rates is predictive of a listener's ability to accurately identify time-compressed speech (Gordon-Salant et al. 2014 ). Identification of timecompressed speech can be affected by the temporal resolution of phonetic information and by linguistic context, suggesting that both low-level and high-level processes can independently contribute to the processing of temporally distorted speech (Gordon-Salant and Fitzgibbons 2001; Pichora-Fuller 2003) .
Age-related declines in time-compressed speech identification may result from declines in auditory temporal processing (e.g., Gordon-Salant and Fitzgibbons 2001; Pichora-Fuller 2003) . Behavioral evidence suggests that perception of auditory temporal envelope and auditory temporal fine structure relate to speech identification in young normalhearing adults (for a review, see Moore 2014). In older adults, declines in auditory temporal processing are related to declines in speech identification (Moore et al. 2012; Füllgrabe et al. 2015) . Work from our lab has found that age-related loss of auditory neural synchrony can contribute to dysfunctional auditory temporal processing, such as reduced auditory gap detection, even after accounting for audiometric thresholds and global metrics of cortical neural processing speed (Harris and Dubno 2017) . We have also found that slower auditory neural processing speed is associated with reduced auditory temporal processing, such that longer auditory-evoked response latencies predict poorer auditory gap detection (Harris et al. 2012 ). Importantly, gap detection, along with other behavioral measures of auditory temporal processing (e.g., frequency discrimination and gap discrimination thresholds), has been found to predict age-related differences in time-compressed speech identification (e.g., Fitzgibbons 1993, 1999) . The results of these studies suggest that slower auditory neural processing may adversely affect time-compressed speech identification by negatively impacting the perceptual resolution of information contained within the auditory signal.
However, speech identification depends on more than auditory temporal processing. Processing speed measured behaviorally using the Connections Test and the Trail-Making Test has been found to predict auditory temporal processing (Füllgrabe et al. 2015; Harris et al. 2010 Harris et al. , 2012 and the identification of accented speech (Adank and Janse 2010), interrupted speech (Bologna 2017), and speech-innoise (Ellis and Munro 2013; Helfer and Freyman 2014; Woods et al. 2013 ). An important feature of the Connections and Trail-Making tests is their ability to measure both perceptuomotor processing speed and executive functioning. In the simple form of these tests, perceptuomotor processing speed is defined as the speed with which an individual is able to connect numbers or letters consecutively, requiring the individual to search for and identify targets, determine the next target, and search for, identify, and respond to the next target in a sequence. The complex form of these tests requires the individual to connect alternating numbers and letters consecutively, engaging the same perceptuomotor processing required for the simple test and executive functioning (selective attention and inhibition) to switch between numbers and letters (e.g., Reitan 1992; Salthouse 2000) . Many studies investigating the relationships between speech perception and Connections or Trail-Making test scores do not distinguish between perceptuomotor processing speed and executive functioning, instead computing metrics of Bprocessing speed.^However, age-related differences in perceptuomotor processing speed, but not executive functioning, have been found using the Connections Test Salthouse 2011 ) and the Trail-Making Test (Füllgrabe et al. 2015) .
Using the Trail-Making Test, there is some inconsistency regarding whether perceptuomotor processing speed or executive functioning is associated with age-related differences in speech identification. Füllgrabe et al. (2015) found that the complex form of the Trial-Making Test (which measures both perceptuomotor processing and executive functioning) was associated with speech-in-noise identification, but executive functioning computed as [(complex − simple) / simple] is not, suggesting that the relation-ship between the complex test and speech-in-noise identification was due to perceptuomotor processing. However, Adank and Janse (2010) found that perceptuomotor processing speed (measured using the Digit-Symbol Substitution Task) did not predict accented speech identification, but executive functioning computed as [complex / simple] did. CahanaAmitay et al. (2016) similarly found that executive functioning computed as [complex − simple] predicted speech-in-noise identification, but as they did not report the relationship between perceptuomotor processing speed and speech-in-noise identification, it is unclear whether associations were observed. Some of the inconsistency in the literature may have to do with how executive functioning was computed and its role in processing different types of speech stimuli (speech-in-noise vs. accented speech). A challenge when using the Trail-Making or Connections tests to measure executive functioning is isolating executive functioning from perceptuomotor processing in the complex form. As described above, different researchers have used different methods for computing executive functioning from simple and complex scores. A major problem with the popular methods for computing executive functioning, including difference scores ([complex − simple] ) and ratios ([complex / simple] or [(complex − simple) / simple]), is t h a t t h e y f a i l t o c o m p l e t e l y e x t r a c t t h e perceptuomotor component from complex scores to isolate executive functioning (Salthouse 2011). However, using a regression approach, variability due to perceptuomotor processing can be almost completely extracted from complex scores to isolate executive functioning. This is accomplished by computing the residuals when predicting complex scores from simple scores (complex − [a + b(simple) + error], where [a + b(simple) + error] is the complex value predicted from simple scores). The residuals have no relationship to simple scores (r G 0.001) and serve as a more reliable metric of executive functioning (Salthouse 2011). We computed executive functioning using this residual metric for the current investigation.
We have previously found that perceptuomotor processing speed measured using the Connections Test predicts auditory gap detection independent from auditory neural processing, suggesting that perceptuomotor processing plays an important role in auditory temporal processing . Unfortunately, this past investigation did not evaluate the extent to which executive functioning predicted auditory gap detection. Given the evidence for the role of perceptuomotor processing and executive functioning in speech perception, and for the role of perceptuomotor processing in auditory temporal processing, we measured perceptuomotor and executive functioning using the Connections Test to evaluate the degree to which each factor independently accounts for variability in time-compressed speech identification.
Current Investigation
Previous work suggests that auditory neural response latencies and perceptuomotor processing speed independently predict auditory temporal processing (Harris et al. 2012 ) and that perceptuomotor processing and executive functioning predict auditory speech perception (Adank and Janse 2010; CahanaAmitay et al. 2016; Füllgrabe et al. 2015) . The current investigation expands upon these findings to determine the extent to which auditory neural processing, perceptuomotor processing speed, and executive functioning independently predict timecompressed speech identification in young and old normal-hearing listeners. Consistent with previous studies, the P1 and N1 components of click-induced auditory-evoked potentials were employed as a general (nonspeech-specific) neural measure of auditory neural processing (e.g., Narne and Vanaja 2008; Starr and Rance 2015) . These components are obligatory cortical responses to auditory stimulation, the amplitude and latencies of which represent the degree of neural synchrony and time it takes for auditory stimulation to be transmitted from the ear to auditory cortex, respectively. Perceptuomotor processing speed and executive functioning were measured using the Connections Test, which we have previously found to predict auditory gap detection (Harris et al. 2012) . Time-compressed speech identification was measured using the same methods and stimuli employed by Gordon-Salant and Fitzgibbons (1993) .
We hypothesized that more accurate timecompressed speech identification would be predicted by shorter auditory response latencies, faster perceptuomotor processing, and more efficient executive functioning. Furthermore, consistent with theoretical accounts suggesting that low-level peripheral and high-level processes independently contribute to the processing of time-compressed speech (e.g., Gordon-Salant and Fitzgibbons 2001; Pichora-Fuller 2003) , we hypothesized that auditory response latencies, perceptuomotor processing, and executive functioning would each account for unique variance in time-compressed speech identification. Given that perceptuomotor processing has been found to decline with age Füllgrabe et al. 2015) , we also hypothesized that the variability in time-compressed speech identification accounted for by age would be mediated by perceptuomotor processing speed.
METHOD
All procedures were conducted in a sound-attenuated chamber shielded for electrophysiology recording. Time-compressed speech and click stimuli were presented to the right ear using an ER 3C insert earphone using a combination of MATLAB and a Tucker-Davis Technologies RZ6 Auditory Processor.
Participants
A group of 23 younger adults between the ages of 19 and 30 (15 female) and 33 older adults between the ages of 56 and 82 (23 female) participated in this study. Younger participants generally consisted of volunteer graduate students at the Medical University of South Carolina and volunteer undergraduate and graduate students from the College of Charleston who had previously participated in hearing studies. Older participants consisted of volunteers from an ongoing longitudinal study on presbycusis and volunteers from the greater Charleston, SC community. Many participants, both younger and older, were familiar with laboratory testing but were unfamiliar with the measures employed in the current investigation. All participants were native English-speaking and were found to have little to no cognitive impairment, having completed the Mini-Mental State Examination (Folstein et al. 1983 ) with three or fewer errors. Participants provided written informed consent before participating in this Medical University of South Carolina Institutional Review Board-approved study.
Pure-tone thresholds at conventional audiometric frequencies were measured using TDH-39 headphones connected to a Madsen OB922 clinical audiometer that was calibrated to appropriate American National Standards Institute (ANSI) specifications (ANSI 2010). Participants had audiometric thresholds ≤ 25 dB HL between 250 and 3000 Hz, with interaural asymmetries less than 10 dB HL at any frequency. Audiometric thresholds for the test ear (right ear) are reported in Fig. 1 .
Time-Compressed Speech Identification
Time-compressed stimuli were a subset of the same stimuli used by Fitzgibbons (1993, 2001) , constructed from 180 low-probability sentences taken from the Revised Speech Perception in Noise Test (R-SPIN; Bilger et al. 1984) . These low-probability sentences were selected because they provided enough acoustic material for the time compression distortion while not providing semantic or contextual cues to aid identification of the final target word in each sentence (e.g., Gordon-Salant and Fitzgibbons 1993). For example, BThey were interested in the strap^is grammatically correct, but the leading portion of the sentence provides little semantic or contextual information relevant to the final word. Sentences were digitized (10 kHz sampling rate), time-compressed (using the procedure described below), and low-pass-filtered (5000 Hz normal cutoff, 104 dB/octave attenuation rate) Fitzgibbons 1993, 2001) .
The speech rate of the original untransformed sentences was approximately 200 words per minute (Gordon-Salant and Fitzgibbons 2004; . Time compression was accomplished by first dividing the sentences into four different lists: A 50-sentence 40 % time-compressed list, a 50-sentence 50 % time-compressed list, a 50-sentence 60 % timecompressed list, and a 30-sentence practice list comprised of 10 each 40, 50, and 60 % timecompressed sentences. The percentage given for compression describes the percentage that each sentence is compressed in length. For example, a 60 % time-compressed sentence is compressed by 60 % of its original duration, which makes the new duration 40 % of its original length. Time compression was achieved using the Global Duration option of WEDW software (Bunnell 2005) . Periodic information was uniformly removed from the untransformed acoustic signals to reduce the duration of each sentence by 40, 50, or 60 %, depending on the stimulus condition. This transformation largely preserves the spectral aspects of the acoustic signal but reduces the duration in which the phonetic information is presented (Gordon-Salant and Fitzgibbons 1993 Gordon-Salant and Friedman 2011) . Gordon-Salant and Fitzgibbons (2001) found that the time compression of select consonant features had the strongest effect on time-compressed speech identification. However, normal-hearing older and younger listeners still exhibited greater difficulty identifying time-compressed speech when periodic information was uniformly removed across speech utterances, suggesting that the time compression of phonetic features across an utterance can affect timecompressed speech identification. The current investigation is concerned with age-related differences in the general processing of time-compressed speech, without regard to specific phonetic features. Therefore, sentences were uniformly time-compressed, involving the uniform removal of periodic information across speech utterances, consistent with previous studies investigating age-related differences in timecompressed speech identification Fitzgibbons 1993, 1999; Gordon-Salant et al. 2014) .
The 40, 50, and 60 % time compression rates were selected for the current investigation because their identification has previously been found to demonstrate robust age effects. Typically, younger and older adults similarly identify 40 % time-compressed speech near ceiling, but older adults have more difficulty identifying 50 and 60 % time-compressed speech (e.g., Fitzgibbons 1993, 1999; Gordon-Salant and Friedman 2011) . Employing multiple time compression rates allowed us to evaluate whether the amount of periodic information removed from a signal affects speech identification differently for older and younger adults (i.e., interaction of time compression rate and age group). Previous studies investigating time-compressed speech identification have included an untransformed, normal rate speech condition, which has proven important when considering the effects of hearing loss on the processing of time-compressed speech (Gordon-Salant and Fitzgibbons 1993 Gordon-Salant et al. 2007 ). However, younger and older normal-hearing adults, such as our participants, typically perform at ceiling and do not show significant differences in the identification of naturally spoken sentences presented in clear listening conditions (e.g., Gordon-Salant and Fitzgibbons 1993 Gordon-Salant et al. 2007; Gordon-Salant and Friedman 2011; GordonSalant et al. 2014 ). As such, we decided to forgo the use of an untransformed, normal rate speech condition for the current investigation, similar to other studies investigating age differences in timecompressed speech identification (e.g., Vaughan and Letowski 1997), interrupted speech identification (e.g., Benard et al. 2014; Kidd and Humes 2012) , and speech-in-noise identification (e.g., Campbell et al. 2007; Dey and Sommers 2015; Helfer 1998; Presacco et al. 2016; Tye-Murray et al. 2007; Vaden et al. 2015) .
For the speech identification task, each participant was fit with an insert earphone in their right ear and presented time-compressed sentences at 90 dB SPL, an intensity that allows for comparison of the current results to past time-compressed speech studies (e.g., Gordon-Salant and Fitzgibbons 1993 Gordon-Salant et al. 2007 ) and below intensities found to induce rollover effects when identifying speech in quiet listening conditions (e.g., Molis and Summers 2003; Studebaker et al. 1999 ). The participants' task was to verbally identify as many discernable words as possible following the presentation of each sentence. Participants were instructed to make a guess if they were unsure of a word or phrase. First, they were presented the list of 30 practice sentences. Following the initial practice, participants were then presented the 40, 50, and 60 % lists of sentences in random order. A microphone equipped in the booth allowed a researcher to hear a participant's verbal responses from outside of the booth and score them for accuracy. Accuracy was coded as the proportion of final position words correctly identified across timecompressed sentences, consistent with how these time-compressed sentences have been scored before (Gordon-Salant and Fitzgibbons 1993) and how R-SPIN sentences are scored for clinical assessments (Bilger et al. 1984) . Two older participants were excluded from further analysis for having accuracy scores more than two standard deviations below the mean across participants. Testing was performed only in the right ear. Right-handed individuals often demonstrated a right-ear advantage for speech perception, typically associated with a contralateral (left hemisphere) specification for speech and language processing (for a review, see Tervaniemi and Hugdahl 2003) . However, the performance of the two lefthanded older adults and one left-handed younger adult included in our sample fell within the range of our right-handed participants and so were not excluded from analysis. Consistent with previous studies, scores were arcsine-transformed to account for the small amounts of variability due to high performance in the low-time-compressed condition, providing more statistical power when evaluating the relationships between performance in the low-timecompressed condition with other factors (e.g., Gordon-Salant and Fitzgibbons 1993; Gordon-Salant et al. 2007 ).
Auditory-Evoked Response
Electroencephalography (EEG) was recorded while participants passively listened to a 100-μs 100 dB pSPL alternating polarity click with a 2000-ms interstimulus interval (20 ms jitter) through an insert earphone in their right ear. Four hundred clicks were presented across two sessions. EEG was recorded using a 64-channel Neuroscan QuickCap based on the interna-tional 10-20 system connected to a SynAmpsRT 64-Channel Amplifier. Recordings were done at a sampling rate of 1000 Hz. Bipolar electrodes were placed above and below the left eye to record vertical electro-oculogram activity. Curry 7 software was used to record the EEG signal. Offline, the recorded EEG data was down-sampled to 500 Hz, bandpass filtered from 1 to 30 Hz, re-referenced to the average, and corrected for ocular artifacts by removing ocular source components using independent components analysis. Individual trials were then segmented into epochs around the click onset (− 100 to + 500 ms) and then baseline-corrected (− 100 to 0 ms). Epoched data was then subjected to an automatic artifact rejection algorithm. Any epochs contaminated by peak-to-peak deflections in excess of 100 μV were rejected.
For each participant, epoched data was averaged across trials to compute the average waveform (eventrelated potential-ERP). ERPs were analyzed in a cluster of frontal-central electrodes: F1, FZ, F2, FC1, FCZ, FC2, C1, CZ, and C2 (e.g., Harris et al. 2012; Tremblay et al. 2001; Narne and Vanaja 2008) . To do this, ERPs were first averaged across these channels. Then the P1 and N1 peaks, defined as the local maxima in the first prominent positive peak and first prominent negative peak, respectively, were found. The latencies of these peaks were defined as the times after stimulus onset when the local maxima occurred. Intervals were then computed around the P1 and N1 peak latencies (± 25 ms). These intervals were then used to automatically find the P1 and N1 peak amplitudes and latencies in each of our channels of interest. The amplitudes and latencies across channels were then averaged to compute single measures of each participant's P1 and N1 peak amplitude and peak latency. In cases where a peak was not found in a channel, that channel was not considered in the computed averages (e.g., Anderer et al. 1996) . Three participants (one older, two younger) were removed from further analysis due to a lack of measurable P1 or N1 across channels.
Processing Speed
Processing speed was measured using the Connections Test . The Connections Test, a variant of the Trail-Making Test (Reitan 1958 (Reitan , 1992 , requires participants to connect circled letters and/or numbers in alphanumeric order. The letters and/or numbers are pseudorandomly organized into a 7 × 7 array on a single sheet of 8.5 in. × 11 in. paper. For any single target, the next target is located in an adjacent location, which is designed to limit the motor requirements for the task . There are two forms of the test. One form, Connections Simple, requires participants to connect as many numbers or letters as possible in 20 s, requiring participants to search for and identify targets, determine the next target, and search for, identify, and respond to the next target in a sequence. Scores are averaged across two trials connecting letters and two trials connecting numbers. The second form, Connections Complex, requires participants to connect alternating numbers and letters in alphanumeric order. Scores are averaged across two trials starting with a letter and two trials starting with a number. Connections Complex requires the perceptual and motor skills required for Connections Simple but also involves the added task of switching between numbers and letters, engaging executive functioning (selective attention and inhibition). The Connections Test is postulated to measure both perceptuomotor processing speed (Connections Simple) and executive functioning (Connections Complex). Metrics for perceptuomotor processing speed and executive functioning derived from the Connections Test are strongly associated with scores on other perceptual processing speed and executive functioning tasks, respectively Salthouse 2005 Salthouse , 2011 .
Because both Connections Simple and Connections Complex measure perceptuomotor processing speed, their correlation was quite high, r = 0.668, p G 0.001. To extract executive functioning from Connections Complex scores, Connections Simple scores were regressed out and the standardized residuals used to represent executive functioning (e.g., Eckert et al. 2010; Salthouse et al. 2000) . Using a regression approach, residuals were computed by subtracting Connections Complex scores predicted by Connections Simple scores (complex predicted = a + b(simple) + error) from our observed Connections Complex scores (complex observed − complex predicted ). The standardized residuals represent a reliable metric of the executive functioning component of Connections Complex scores that are unrelated to perceptuomotor processing speed (Connections Simple scores), r G 0.001, p 9 0.999. We used the perceptuomotor and executive functioning metrics derived from the Connections Test to determine the extent to which each type of processing accounts for age-related variability in time-compressed speech identification.
Analytical Approach
Statistical analyses were conducted using SPSS and the lme4 package for R (×64 v3.3.2). Two-tailed independent samples t tests were used to determine whether age-group differences in time-compressed speech identification and our critical predictor variables were consistent with the extant literature. Linear mixedeffects regression (LMER) models were used to determine the extent to which time-compressed speech identification was predicted by our critical predictor variables. LMER is a useful statistical tool for testing hypothesis-driven relationships between predictor and outcome variables while accounting for cluster-level attributes (nested variables). The standardized and unstandardized coefficients for each predictor in a LMER model represent the relationship between that predictor and the outcome variable after accounting for all other predictors in the model. Using a stepwise approach, the amount of total variance in the outcome variable accounted for by a model can be compared to the total variance accounted for by another model with additional predictor variables. If the addition of more predictors fails to significantly improve model fit, or significantly change the relationships between predictors and the outcome variable, then those additional predictors are typically excluded and the best-fitting model is used (e.g., Gelman and Hill 2007).
RESULTS

Age-Group Differences Across Measures
Age-group differences for our critical variables are consistent with the extant literature. Table 1 reports the descriptive and inferential statistics for these age-group differences. Though the audiometric thresholds for all participants fell within a range that is typically considered clinically normal for speech identification, audiometric thresholds averaged across 250, 500, 1000, 2000, 3000, and 4000 Hz were significantly higher for older listeners' left and right ears. Older listeners had more difficulty accurately identifying 50 and 60 % time-compressed speech, though no age-group difference was found for 40 % time-compressed speech (Fig. 2) , replicating previous studies using the same stimuli (e.g., GordonSalant and Fitzgibbons 1993 . Average ERP waveforms for our older and younger listeners are shown in Fig. 3 . Consistent with previous studies, older listeners exhibited larger P1 peak amplitudes (e.g., Woods and Clayworth 1986), but N1 amplitudes did not significantly differ between age groups. P1 and N1 peak latencies did not significantly differ between age groups, a finding that is not atypical of the broader literature (e.g., Basta et al. 
Age and Time Compression Rate
The first LMER models we tested were designed to confirm the effects of age and time compression rate observed in past studies (e.g., Gordon-Salant and Table 2 reports how an intercepts model-model 0-including time-compressed speech identification as the dependent variable and participant as a random factor, was significantly improved by adding age group, time compression rate, and their interaction-model 1a-χ 2 (3) = 194.71, p G 0.001. Replicating previous work (e.g., Fitzgibbons 1993, 2001 ), model 1a indicates that time-compressed speech identification significantly decreased as age and time compression increased. The interaction of age group and time compression rate indicates that the relationship between compression rate and time-compressed speech identification is stronger (steeper slope) in older listeners, a relationship visible in Fig. 2 . Adding audiometric averages for the test ear (right ear) to model 1a did not significantly improve model fit-model 1b-χ 2 (1) = 0.130, p = 0.718. Audiometric averages were not found to be a significant predictor of time-compressed speech identification, nor did their inclusion in the model significantly change the degree to which age group and time compression rate predicted timecompressed speech identification. This suggests that even though audiometric thresholds increase with age, as reported in Table 1 , audiometric thresholds do not mediate the relationship between age and timecompressed speech identification. In other words, variability in time-compressed speech identification accounted for by age group is not explained by individual differences in audiometric thresholds.
Auditory Neural Processing
To test our prediction that the click-induced auditory-evoked response would predict timecompressed speech identification, LMER models independently assessed the role of the P1 and N1 components of the click-induced auditory-evoked response after accounting for age and time compression rate. As reported in Table 3 , adding P1 peak latency to model 1a significantly improved model fit-model 2a-χ 2 (1) = 10.330, p G 0.001. After accounting for age group, time compression rate, and their interaction, P1 latency was found to be a significant predictor of time-compressed speech identification. Listeners with longer P1 peak latencies exhibited poorer time-compressed speech identification (Fig. 4, left) . Adding N1 peak latency to model 2a failed to significantly improve model fit-model 2b-χ 2 (1) = 3.095, p = 0.079, nor did it prove a significant predictor of time-compressed speech identification (Fig. 4, right) . Adding P1 and N1 peak amplitudes to model 2a also failed to improve model fit, χ 2 (2) = 0.913, p = 0.634.
Perceptuomotor Processing Speed and Executive Functioning
To test our prediction that perceptuomotor processing speed and executive functioning would predict time-compressed speech identification, LMER models independently assessed the relationships between perceptuomotor processing speed (Connections Simple scores) and executive functioning (the residuals after regressing Connections Simple scores from Connections Complex scores) after accounting for age and time compression rate. As reported in Table 4 , adding perceptuomotor processing speed to model 1a improved model fit-model 3a-χ 2
(1) = 6.768, p = 0.009. Perceptuomotor processing speed significantly predicted time-compressed speech identification after accounting for age group, time compression rate, and their interaction. Listeners with faster perceptuomotor processing exhibited better time-compressed speech identification (Fig. 5, left) . Importantly, the effect of age group, which was a significant predictor of time-compressed speech identification in model 1a, became a nonsignificant predictor in model 2a. Recall that perceptuomotor processing speed was slower in older listeners (lower Connections Simple scores- Table 1 ). The addition of perceptuomotor processing speed in model 2a mediated the effect of age group, suggesting that agegroup differences in time-compressed speech identification may be accounted for by individual differences in perceptuomotor processing speed. Adding executive functioning to model 3a improved model fit-model 3b-χ 2 (1) = 7.527, p = 0.006. Executive functioning was found to significantly predict timecompressed speech identification after accounting for age group, time compression rate, their interaction, and perceptuomotor processing speed. Listeners with more efficient executive functioning exhibited better time-compressed speech identification (Fig. 5, right) . 
Combined Model
To determine the extent to which auditory neural processing, perceptuomotor processing speed, and executive functioning independently predict timecompressed speech identification, models 2a and 3b were combined. Adding Connections Simple scores and executive functioning from model 3b to model 2a improved model fit-model 4-χ 2 (2) = 13.328, p G 0.001. As reported in Table 5 , time compression rate, P1 peak latency, Connections Simple scores, executive functioning, and the interaction between age group and time compression rate were all found to significantly predict time-compressed speech identification.
DISCUSSION
Our previous work found that auditory temporal processing (gap detection) is predicted by auditory . This past work also found that age differences in auditory temporal processing were mediated by individual differences in perceptuomotor processing speed . The results of the current investigation expand upon these findings, suggesting t h a t a u d i t o r y n e u r a l p r o c e s s i n g s p e e d , perceptuomotor processing speed, and executive functioning predict time-compressed speech identification in younger and older adults. The results also suggest that age-group differences in time-compressed speech identification are mediated by individual differences in perceptuomotor processing speed. These results support theoretical accounts suggesting that time-compressed speech identification is subject to both low-level peripheral processing and higherlevel perceptuomotor processing speed and executive functioning ability (e.g., Gordon-Salant and Fitzgibbons 2001; Pichora-Fuller 2003) . 
Auditory Neural Processing
Shorter click-induced P1 latencies predicted better time-compressed speech identification, suggesting that individual differences in auditory neural processing speed can modulate the processing of timecompressed speech. Surprisingly, our results suggest a relationship between P1 and time-compressed speech, and not N1 and time-compressed speech. Previously, we reported that N1 latencies, when induced by the offset of a noise (onset of a silent gap), predicted auditory temporal processing (auditory gap detection) (Harris et al. 2012) . Similarly, the latency of N1 following a tone or syllable has been found to play a role in the discrimination of syllables differing in voice-onset time (Tremblay et al. 2004; Tremblay et al. 2002 Tremblay et al. , 2003 . Differences across these studies are likely due to the eliciting stimulus. In these past studies, the N1 response was elicited by the offset of noise or syllables. For example, in our previous gap detection study, the offset of noise did not generate a P1 response, and therefore, N1 represents the first electrophysiological indicator of stimulus change, Though the graphs plot untransformed time-compressed speech scores, all inferential tests were conducted using arcsine transforms. Across age groups, listeners with faster perceptuomotor processing and better executive functioning identified time-compressed speech more accurately comparable to P1 elicited by a click in the current study. Moreover, failing to find a significant relationship between the click-induced N1 and timecompressed speech identification is consistent with other studies failing to find a relationship between click-induced N1 latency and speech-in-noise identification (e.g., Narne and Vanaja 2008).
Individual differences in neural measures of auditory temporal processing have been theorized to depend on physiological factors associated with the number of neurons, their myelination, and the synchronicity of their firing (e.g., Rance 2005; Starr and Rance 2015). P1 is thought to be generated by primary auditory cortex and to represent one of the earliest cortical responses to auditory stimulation (e.g., Pratt 2012). Click-induced P1 has been thought to reflect a predominantly preattentional response (Lijffijt et al. 2009 ). Shorter click-induced P1 latencies, resulting from better myelinization and more synchronous firing of neurons along the auditory path, may facilitate time-compressed speech identification by preserving the early neural representations of meaningful phonetic features within the acoustic signal.
Perceptuomotor Processing and Executive Functioning
We found that faster perceptuomotor processing and more efficient executive functioning predicted better time-compressed speech identification across age groups. Importantly, we found that age-group differences in time-compressed speech identification were mediated by individual differences in perceptuomotor processing speed. Recall that perceptuomotor processing speed (Connections Simple) was significantly slower for older adults, though executive functioning and auditory neural processing speed were similar between age groups. When perceptuomotor processing speed was added to model 1a, which included age group and time compression as significant predictors of time-compressed speech identification, the resulting model 3a found that time-compressed speech identification was significantly predicted by perceptuomotor processing speed and time compression, but not age group (Table 4) . This mediation effect suggests that age-related declines in timecompressed speech identification may be partially accounted for by individual differences in perceptuomotor processing speed.
Faster perceptuomotor processing speed may affect time-compressed speech identification by facilitating the ability to track and extract meaningful phonetic features from an acoustic signal. The results are consistent with the findings of Adank and Janse (2010) and Füllgrabe et al. (2015) . Recall from the introduction that Adank and Janse (2010) found that perceptuomotor processing measured using the Digit Symbol Substitution Task predicted identification of accented speech. Using the Trail-Making Task, Füllgrabe et al. (2015) found that better performance on Trail-Making Test B, the complex form that measures both perceptuomotor processing speed and executive function, predicted better processing of auditory temporal fine structures (tone discrimination) and better speech-in-noise identification. However, their metric for executive functioning derived from the simple and complex forms of the TrailMaking Test did not predict perception of temporal fine structure or speech-in-noise identification, suggesting the relationships with Trail-Making Test B scores were driven by perceptuomotor processing speed.
Our results contrast Füllgrabe et al. (2015) in that we find a significant relationship between executive functioning and time-compressed speech identification independent of perceptuomotor processing speed and auditory neural processing. The difference between these studies may be explained by the different types of test stimuli. Recall that our sentences presented in quiet listening conditions were all low-probability SPIN sentences, where the final position key word could not be predicted from the preceding content. Füllgrabe et al. (2015) used the Adaptive Sentence Lists, which contain some contextual cues (Macleod and Summerfield 1990) , presented with competing speech streams (two other talkers). In contrast, our results are consistent with the findings of Cahana-Amitay et al. (2016) . Using the TrailMaking Test, they found that better executive functioning predicted better identification of low-probability, but not high-probability, SPIN sentences presented in low levels of noise. Their results suggest that in quieter listening environments, more similar to the quiet listening conditions our stimuli were presented in, executive functioning is more important for selectively attending to speech content and inhibiting irrelevant context in low-probability SPIN sentences. Similarly, our positive association between executive functioning and time-compressed speech identification is consistent with the findings of Adank and Janse (2010), who found that executive functioning measured using the Trail-Making Test predicted better identification of sentences spoken in an unfamiliar accent, but not sentences spoken in a familiar accent. Both time compression and accentedness change the temporal characteristics of speech and both appear to be affected by executive functioning. Taken together, the evidence is mounting in support of a role for executive functioning in processing temporally distorted speech.
The Connections Test is a visual-based test of perceptuomotor processing speed and executive functioning, measuring the speed at which an individual can connect letters and numbers. Yet scores still predict age-related declines in auditory temporal processing (Füllgrabe et al. 2015; Harris et al. 2012) , speech-in-noise identification (Cahana-Amitay et al. 2016; Füllgrabe et al. 2015; Helfer and Freyman 2014) , accented speech identification (Adank and Janse 2010), and now time-compressed speech identification. The relationships observed across these studies may suggest that speech identification reflects, in part, global modality-neutral perceptuomotor processing speed and executive functioning.
Individual differences and age-related declines in processing speed (including perceptuomotor processing and executive functioning) have been theorized to result from multiple contributing factors. For example, age-related slowing of processing speed has been associated with slower global cortical neural processing speed and degradation of white-matter microstructure (Valdés-Hernández et al. 2010; Vlahou et al. 2014 ). Work going forward should explore the degree to which the underlying neural mechanisms that predict processing speed, such as cortical oscillatory behavior and white-matter microstructure (Richard Clark et al. 2004; Howard et al. 2017; Gierhan 2013) , can predict age-related changes in perceptuomotor processing speed, executive functioning, and timecompressed speech identification.
Unique Roles of Auditory Neural Processing, Perceptuomotor Processing, and Executive Functioning Across age groups, click-induced P1 latency, perceptuomotor processing speed, and executive functioning all account for unique variance in timecompressed speech identification, even after accounting for variability explained by age and time compression rate. These results support theories suggesting that time-compressed speech identification is subject to both low-level and high-level processes (e.g., Gordon-Salant and Fitzgibbons 2001; Pichora-Fuller and Levitt 2012) . The results are also consistent with our previous work suggesting that variability in auditory temporal processing can be accounted for by individual differences in auditory neural and perceptuomotor processing speed (e.g., Harris and Dubno 2017; Harris et al. 2012) .
The role of perceptuomotor processing speed in partially accounting for age-related variability in time-compressed speech identification has implications for theoretical accounts of age-related speech difficulties. Though we find that younger and older adults are similarly able to easily identify speech at low compression rates (40 %), older adults are more affected by increased compression, an effect observed across many studies investigating age differences in time-compressed speech identification Fitzgibbons 1993, 1999; Gordon-Salant and Friedman 2011; Gordon-Salant et al. 2007 ). Our results suggest th at as perceptuomotor processing declines with age, the ability to process temporally distorted speech also declines (see also Adank and Janse 2010). Declines in perceptuomotor processing may account for the difficulties that normal-hearing older adults have processing many different types of temporally distorted speech (i.e., fast-rate, reverberant, and accented speech) (Adams et al. 2010; Adank and Janse 2010; Fujihira et al. 2017; Gordon-Salant and Fitzgibbons 1993; Gordon-Salant et al. 2010a, b; Gordon-Salant et al. 2015; Halling and Humes 2000; Neuman et al. 2010) .
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